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What is Person Re-Identification?

The higher the probability, the more likely it is that they are the same person.

• Match individuals across different cameras 
based on their visual appearance.

• Play an important role in public safety
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Why is it hard to retrieval infrared images with visible images?

R, G, B
Wavelength:400nm-700nm
Abundant color

R

Without color
Wavelength:700nm-1mm

Huge gap Further challenges

Despite cross-modality gap, alongside 
intra-modality gap like person Re-ID



Motivation

Although existing VI-ReID methods achieve encouraging achievements, their development in real-world 
scenarios remains limited.
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Designed Protocols in Our L2RW Benchmark

Ø Camera Independence (CI) : all camera data remains isolated, which simulates the 

most strict setting where no data sharing occurs across every single device.

Ø Entity Independence (EI): Data from different entities is kept isolated during training, 

and the model is trained using a decentralized way. Then evaluate the trained model 

on an unseen entity to assess its generalization ability.

Ø Entity Sharing (ES): Data from different entities is shared during training, and the 

model is evaluated on an unseen entity to assess its generalization ability.
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New Issues Encountered Under Data Independence (CI & EI)
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shift

Ø Domain shift: 𝑃! 𝑥 𝑦 ≠ 𝑃" 𝑥 𝑦 . Pedestrian 

images on different clients will exhibit the non-

iid (Independent and identically distributed) 

issue, where the corresponding feature 

distributions are different clients.

Ø Modality incomplete: For an individual client, 

pedestrian images can fall into three scenarios: 

only visible, only infrared, or both visible and 

infrared.

Ø Identity missing: 𝑃! 𝑦 ≠ 𝑃" 𝑦 . The subject is 

hard to appear in all cameras or entities.



Our Decentralized Privacy-Preserved Training (DPPT) Method

Preprocess: As mentioned before, existing VI-ReID methods adopt dual-stream architecture, which cannot 
be compatible with the CI protocol due to the challenges posed by modality incomplete. So we convert 
the two-stream structure into one-stream architecture and only sample images according to identity 
rather than identity and modality.

Tackle domain shift 
and identity missing
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Comparison Experiment

We reproduced four classic FL algorithms and found that methods proposed after FedAvg even performed 
worse than FedAvg under the CI protocol. The reason is that these FL methods are general methods and 
ignore the unique challenges of VI-ReID.



Comparison Experiment

• While most methods slightly outperform our baseline B, the differences are minimal, and overall rank-1 accuracy 
remains low. This suggests that current VI-ReID methods still have limited capability in handling unseen 
environments.

• The baseline results under the EI protocol are similar to those under the ES protocol, indicating that decentralized 
training does not significantly impact the model's ability to generalize to unseen environments.



Experiments

Ablation study under the CI protocol: Analysis of MRB’s Hyper-parameters: 

Privacy evaluation:



Visualization
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Conclusion

Ø We propose a benchmark named L2RW to simulate privacy-preserving real-world VI-ReID scenarios. 

Within the L2RW benchmark, we design three protocols, i.e., CI, EI, and ES, which simulates scenarios 

with different privacy constraints, bring VI-ReID evaluation closer to real-world conditions.

Ø We analyze the challenges encountered under the CI and EI protocols and propose a unified method 

named DPPT, which is the first work that handles privacy concerns for VI-ReID in a decentralized 

manner.

Ø In our L2RW benchmark, unlike existing methods that validate solely on a single dataset, we merge 

several existing datasets and conduct the evaluation in a cross-domain manner to simulate the real-

world scenarios.

Ø Extensive experiments on three public VI-ReID datasets confirm the feasibility of decentralized training 

in L2RW, with our method achieving significant improvement on various federated learning baselines 

under CI. We also show that DPPT achieves performance under EI comparable to that of ES.
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